Purpose: Gestational Diabetes Mellitus (GDM) is a condition affecting 3-4% of pregnant women due to increased resistance to insulin caused by the growth of the fetus. Such a condition disappears just after delivery, but it is an indicator of the insurgence of diabetes type 2 (DT2) later in life: about 40% of the women affected by GDM also develop DT2 [22] . GDM brings several complications during pregnancy to both the mother and the fetus. We aim here at presenting our Personal Health System for monitoring GDM and we also present the results of outpatient monitoring and management by utilizing a personal health system (PHS) for GDM.
Introduction
Gestational Diabetes Mellitus (GDM) is a condition affecting 3-4% of pregnant women due to increased resistance to insulin caused by the growth of the baby.
Such a condition disappears just after delivery, but it is an indicator of the insurgence of diabetes type 2 (DT2) later in life: about 40% of the women affected by GDM also develop DT2 [22] . A GDM patient with poor glucose control has also the tendency to develop additional conditions, such as preeclampsia [30] , an hypertensive state in which the patient has protenuria in the urine, a condition that may lead to a coma, or macrosomia [39, 6] , a situation where the fetus grows too much.
The risks for the baby include the following conditions [33, 42] : being large for gestational age (macrosomia) causing delivery problems; low blood sugar (hypoglycaemia) after birth due to too high insulin production; yellow skin (jaundice); respiratory distress syndrome; fetal death; childhood obesity.
In normal pregnancies the rate of macrosomia occurrence is about 10%, while in pregnancies where GDM is involved, this rate is two or three times higher [40] . This rate drops to 14% to 18% with nutrition counseling. The main risks of macrosomia for the new baby are shoulder dystocia, clavical fractures, and brachial plexus injury forcing in many cases a cesarean section.
Risk factors to develop gestational diabetes include [33] : previous GDM; first degree relative with type 2 diabetes; advanced maternal age; ethnicity; overweight or obesity; previous macrosomia.
According to the current medical practice [33] , for a GDM patient the periods and the targets for checking glucose are defined as: a) fasting, a glucose sample taken before breakfast whose value should be between 4 to 5.3 mmol/l to be within the targets specified in the guidelines; b) postprandial breakfast, a glucose sample taken 2 hours after breakfast, whose value should be be between 4 to 7 mmol/l; c) preprandial lunch, a glucose sample taken before lunch, whose value should be between 4 to 5.3 mmol/l; d) postprandial lunch, a glucose sample taken 2 hours after lunch, whose value should be between 4 to 7 mmol/l; e) preprandial dinner, a glucose sample taken before dinner, its value should be between 4 to 5.3 mmol/l; f) postprandial dinner, a glucose sample taken 2 hours after dinner, its value should be between 4 to 7 mmol/l.
Currently, patients visit the doctor weekly or once every two weeks. This implies that if the patient develops a bad glycaemic control, then the baby may develop macrosomia before the medical doctor in charge of the patient can take any action. In this paper, we present a solution to monitor patients affected by GDM using a Personal Health System (PHS). PHSs are system designed to close the loop between the patient and the medical doctor, to realize the vision of pervasive healthcare [38] , which aims at bringing healthcare everywhere and to everyone. The objective of this work is to study the introduction of PHS in the care of patients affected by GDM, to understand whether this approach can be comparable to a standard treatment in terms of glucose control and improve the reaction of the medical staff concerning situations that require further attention. Additionally, we are motivated by the research question of modelling medical knowledge in PHSs, which we try to answer, in this contribution, by means of logic programming and temporal rules in terms of the Event Calculus (EC) [23] .
In the research landscape several solutions have been defined to monitor chronically ill patients [29] , activity monitoring [37] , depressed patients monitoring [34] , chronic heart failure [18] , and diabetes [36] . In this research an important fact has emerged: despite the usefulness of reporting on all the data of the patient, interconnectivity and telemedicine solutions have only a limited impact in improving the delivery of care as the medical doctor is overwhelmed by the amount of unprocessed information, and, as it emerges in a recent review [16] of PHSs, the satisfaction of the end user is of importance towards the adoption of the technology. Very often an endocrinologist is in charge of many patients at once. Consequently, recent PHS solutions have rather focused on presenting events of interest to the medical doctors, to make the PHS more time effective.
In particular, it is becoming of importance to be able to enact the known medical practice concerning an illness when an issue presents and not to wait until the next time the patient meets the doctor. Enacting the medical practice implies modeling the existing medical knowledge within an expert system, in a way that events of interest get notified to the medical doctors in charge of the patient.
From the perspective of medical knowledge management, logic programming has previously been employed with success for this task, see [19] , [28] for two examples.
To model the reasoning part of our PHS, we decided to use an agent based approach. Agents are programmed as autonomous software entities that pursue a set of goals [41] by applying AI reasoning techniques such as logic based reasoning. We found that modeling each agent as a GDM expert system associated to a patient simplified the definition of the architecture of our system, allowing us to separate reasoning components from data components. This paper proposes two main contributions: a technical contribution, showing an application of an expert system, and a medical one.
The technical contribution of this paper is to present an application of an expert system, modeled as a complete PHS solution based on expert agents to monitor patients affected by GDM. In this solution, the existing medical knowledge is modeled using a logic programming approach to provide alerts about the glycaemic values of the patients to medical doctors and caregivers. This is a novel contribution as current PHS are only starting now to use sophisticate approaches to deal with the temporal patterns in the physiological values of the patient, and in so far the main focus was providing interconnectivity rather than data analysis and automatic reporting of issues.
Incomplete parts of the current system were published in previous conferences [7, 8, 24, 32] . With respect to such publications, here we present the full final version of our system.
The medical contribution of this paper is to present results of a feasibility study of our PHS carried out at the University Hospital of Lausanne. The feasibility study took the form of a randomized controlled trial where 12 patients were enrolled in the telemedicine arm (TM) and 12 patients were given the standard treatment, the patients were monitored in the time lapse of 9 months using our PHS. This is significant because the current trials have focused on studying PHSs that would rather deal with the simple submission of the values to a database for later consultation, whereas in our case we consider also the reporting of alerts to the medical doctors, by following a medical knowledge engineering approach where the rules for the reporting are modelled according to the practice of the medical doctors and nurses dealing with the GDM patients.
From a methodological perspective, this approach was selected because, given the same population on which the sample of patients is taken, it allows a comparison between standard care and expert based telemedicine care. In this sense, this was important to understand if the two approaches are comparable from a perspective of glucose control and whether the telemedicine system can effectively improve the reaction of the medical doctors, by at the same time being comfortable for the patients.
The evaluation proposed is both quantitative and qualitative as we report on: glucose control of control and telemedicine group, usage of the system from the patient perspective, usage of the system from the doctor perspective, patient's compliance to the treatment in terms of reported glycaemic values, precision of the hyperglycaemia detection rules. In more details, the main information that we wanted to obtain out of the conducted feasibility study was to understand if it is feasible to use the presented PHS in place or in addition of the current standard treatment. From this perspective, the glucose control and the accuracy of the alerts produced by our PHS is important to understand if the alerts produced by our telemedicine system would hinder the glucose control obtained with the standard treatment or they would allow to keep a similar performance. Secondly, the amount of measurements obtained and the reaction time are important to evaluate the usability of our PHS. Thirdly, the opinion of patients and doctors was also considered to evaluate the acceptability of the approach.
Being a feasibility study, it is important to state that the sample of patients considered for such a study does not allow to draw final conclusions on weather the system can improve glucose control of the patients and that a bigger trial is needed for this purpose. Nevertheless, the results obtained are encouraging and can provide some important insights to improve the definition of Expert based PHSs as one result that we can observe with our system is that the glucose control seems to be comparable, the quality and quantity of the data improves and both patients and doctors see benefits in using the technology.
The rest of the paper is structured as follows: Section 2 presents our system in details; Section 3 presents the evaluation of our PHS; Section 4 presents relevant related work; finally Section 5 concludes this work and proposes directions for future work. Figure 1 shows the general architecture of our system. For our system we consider different types of clients: Web-browsers and an Android application. We use a REST approach based on a HTTPS Security Proxy for server communication. The REST server acts as a single point of entry.
Materials and Methods
In the Business Layer Module we serve requests, and control the data flow. The Data Access Layer manages the data to be stored in the system database.
We define agents using the multi-agent GOLEM platform [10] . In our system an agent is responsible for monitoring the condition of one patient. To scale-up the reasoning, the agents can be distributed to differ-ent nodes, activated and deactivated by a balancer, or persisted in an agent database.
The GOLEM balancer is responsible for handling the incoming requests to the GOLEM agent environment (GE) by splitting the load amongst the GOLEM containers registered with the GOLEM balancer. In particular, when a new request is produced, the GOLEM balancer selects the container that has fewer active agents to put in execution a new agent for patient's monitoring purposes. The details on the scalability of GOLEM were previously presented in [9] .
In the remainder of this Section we will go into the details of the data model used, the Android application on the patient's side, the reasoning performed by our agent based system, and the Web application on the caregivers' side.
The Data Model
Within our data model we take into consideration the actors of the system, such as medical caretakers and patients, the treatments and the physiological values of the patient. We follow an object oriented approach where nurses, dietitians and doctors entities are specializations of a generic medical caretaker entity. In our data model, patients are complex entities that can have multiple observations. In particular, for the medical doctors that conducted the experimentation, the following data was of importance to properly characterise GDM: patient's weight, starting date and delivery date of the pregnancy, smoking habits, ethnicity, employment, annual income, level of education, allergies, previous GDM occurrence, history of diabetes type 2 in the family, sport habits, current medications, other illnesses, cholesterol, triglyceride and name of the general practitioner.
In addition to these observations, that are usually collected in the hospital in form of lab tests, for the monitoring GDM with our personal health system we consider the following observations: blood sugar, weight, reports on treatments, blood pressure, and symptoms. Relevant symptoms that need to be considered are: epigastric pain, dyspnea, blurred vision, chest pain, headache, and oedema. In our data model observations and symptoms can have a time duration specified as a time window. GDM has a number of possible treatments that we model in our system in terms of doses of a drug taken at a certain point in time. We model the following treatments: Novorapid (a fast insulin), Humalog (a fast insulin), Insulatard (a slow insulin), Huminsulinbasale (a slow insulin) and Metformin.
The periods of the day when the treatment can be taken are then: in the morning, at lunch, in the afternoon, in the evening, in the night.
The Patient's Android Interface
In order to provide physiological values to our system, patients are given a mobile phone with an application to enter blood sugar measurements, medicine taken by the patient and any symptoms related to GDM. Furthermore, patients can visualize their blood sugar measurements and symptoms, look at the entered vales in a tabular format and correct mistyped values.
To access the application, we use a double mean of authentication. As a first mean of authentication, we store an encrypted certificate within the smart phone in binary format. Then, we provide our patients with a QR code, containing the keys for the certificate store and for encryption on the phone. This is described in Figure 2 . Consequently, in order to steal the identity of a patient, it is not enough to have the hand-held device, it is also necessary to have the QR code. Furthermore, the protection on the transportation layer is achieved using a mutually authenticated HTTPS connection between the smart phone and backend system implied. The stor- age within the smart phone again depends on the key stored in the QR code, consequently if the smart phone is stolen, without the QR code it is not possible to access the data of the use Once authenticated, as shown in Fig. 3 a) the application provides the patient with a start page with a set of possible activies. Fig. 3 b) , c), d), e) show respectively the interface that the patients would use to enter blood sugar measurements, the moment in the day when this was taken, the summary of blood measurements for the last week and a pie chart which shows the number of values which are too low, normal and too high. Values are too low if below 4 mmol/l and too high if above 5.3 mmol/l before a meal and above 7 mmol/l if after a meal. This chart shows only the values stored on the phone for a week. This choice was made in agreement with medical doctors to mitigate situations where a stolen mobile phone would cause privacy issues. When entering blood sugar measurements, the mobile phone application will also look at the last inserted blood sugar values to preset the period. For example, if the last measurement was taken before dinner, an after dinner period will be preselected.
It is expected that patients enter their values in the smart phone after they took the measurement with the glucometer, thus by default, the current time is used for measurements, but patients can enter their blood sugar measurements at a later time. Fig. 3 f) and g) show the interfaces to add medicaments taken and symptoms experienced.
For the medicine, patients can enter it with an associated amount. They can also indicate a reason for a deviation in an optional comment field.
Similarly, patients can introduce any symptoms they suffer from in the system. The symptoms shown are related to complications with GDM and have been selected by doctors. The day after patients will be asked if they still suffer from the symptom.
If a patient mistyped a measurement she can correct up to one week after entering the measurement. Once the user saves a value, the changed values are stored locally and synchronized with the server part of the system. Should there currently not be an active internet connection, the synchronization will be done on the next occasion.
The Reasoning Agents
Our system uses logic programming to deal with hyperglycaemia and hypoglycaemia detection during the treatment of the patient. A logic programming approach was selected as it is easy to interpret. The medical knowledge concerning glucose control in gestational diabetes was already available from our medical doctors in the University Hospital of Lausanne. The needs of our medical doctors was to enact this knowledge more efficiently at the patient's side, rather than learning a new model from the data. Another reason for this choice was the acceptability of the system from the perspective of the ethical commission: since the system can be interpreted with minimal effort by a human, a mistake or error is easier to spot and to explain than a statistical model, which may also be biased by a particular population.
Concerning the specific formalism used to represent the medical knowledge, we decided to use the Event Calculus (EC) [23] . In particular, we use a cached EC [14] version of the dialect of EC presented in [2] , for performance reasons. EC is suitable to model expert systems representing the evolution in time of an entity, by means of the production of events. In this case, our EC reasoner models the behaviour applied by the medical doctors in the university hospital of Lausanne with respect to patients' glucose control. The events considered are the glycaemic events, the evolution in time of these values then trigger alerts to be reported to the medical doctors.
The reasoner is embedded in agents working as medical experts of GDM. In what follows we will use a Prolog like syntax, with lower case for predicates and upper case for variables. The symbol / is used to represent the arity (number of inputs) of a predicate.
Another possible choice to model the expert knowledge could have been the Arden syntax [20] . The main issue that we encountered with the Arden syntax was the lack of predicates to handle time evolution, and the fact that no indexing mechanism is considered, which implies that, even if we reimplemented EC with the Arden syntax, we would have problems when dealing with several hundred events, which we cannot solve by simply deleting the events from the knowledge base, as, being a mobile solution, it may happen that the events come at a later time or even unsorted in time.
The Event Calculus
EC is based on a many-sorted first-order predicate calculus represented as logic programs that are executable in Prolog. The underlying time model is linear. The EC manipulates fluents. A fluent represents a property which can have different values over time.
Predicate Meaning initially(F=V)
The value of fluent F is V at time 0. holds_at(F=V,T)
The value of fluent F is V at time T.
The value of fluent F is V between time Tmin and time Tmax. initiates_at(F=V, T )
At time T the fluent F is initiated to have value V. terminates_at(F=V, T )
At time T the fluent F is terminated from having the value V.
The value of fluent F is either terminated at Tmax, or initiated to a different value than V between Tmin and Tmax. happens_at(E,T)
An event E takes place at time T updating the state of the fluents The term F = V , denotes that fluent F has value V that has been initiated by an action at some earlier time-point and not terminated by another action in the meantime. Tab. 1 summarizes the main EC predicates we use in this paper.
Predicates, function symbols and constants start with a lower-case letter while variables (starting with an upper-case letter) are universally quantified.
The specifications of the axioms of the EC are then represented below. Clause EC0 states that a property F holds at time 0 if an intially/1 predicate is true at time 0. Clause EC1 states that a property holds at a time T if it has been initiated at time Tmin and the holding of that property has not been broken between the starting time Tmin and the time of interest T. To decide when a property is broken, we use the clause EC2. This states that a property P is broken between time Tmin and Tmax, if it is terminated at a time T between Tmin and Tmax or initiated to a different value between Tmin and Tmax. The other clauses specify when a property is initiated (EC3) or terminated (EC4), in terms of the conditions holding in the current context, typically expressed in terms of the holds_at/2, holds_for/2 predicates, meaning that such clauses will change according to the particular domain being modeled with the EC. EC5-EC7 express the EC clauses that deals with validity intervals of fluents. In particular, EC5 specifies that a fluent F keeps a value V for an interval going from Tmin to Tmax if nothing happens in the middle that breaks such an interval. EC6-EC7 behave like EC5, but deal with open intervals.
Medical Symbolic Reasoning in the EC
Given the patient glucose measurements during pregnancy and the targets specified above, the medical doctors involved in the study apply the following rules in their practice (see [33] for an additional reference), before changing the patient's treatment:
-if two glucose values are less than 4 mmol/l measured at the same time of day on two consecutive days in insulin dependent patients then the doctor should react to contain hypoglycaemia events. -if two glucose values are less than 3 mmol/l within one hour then this is a serious hypoglycaemia and the doctor should be informed immediately. -if fasting glucose is bigger than 5.8 mmol/l on any two days of the four preceding days then the doctor should intervene to limit hyperglycaemia events in the morning. -if fasting glucose is bigger than 5.3 mmol/l on any three days of the five preceding days the doctor should intervene to limit hyperglycaemia events in the morning.
-if postprandial glucose is bigger than 8 mmol/l measured at the same time of day on any two days of the preceding four days or it is bigger than 7 mmol/l measured at the same time of day on any four days of the seven preceding ones then the doctor should intervene to limit postprandial hyperglycaemia events.
The treatment consists in doses of slow insulin, an insulin acting slowly during the day or during the night, or fast insulin, an insulin acting immediately and whose effect lasts only for a couple of hours. For example, if a patient experiences a glucose above 7 mmol/l three times in a row during postprandial dinner, then the medical doctors should introduce (or increase) fast insulin before dinner.
We can now define monitoring rules for a GDM affected woman using the EC dialect previously presented. In defining these rules, our goal will be to report quickly situations where the doctor should react as we defined them above.
To deal with the monitoring of our patients, we utilize the GOLEM agent platform [10, 24, 11, 9] . Such a platform deals with the representation of events in EC, which then are notified to our logic based agents, whose architecture is depicted in Fig. 4 . The agents deployed in GOLEM are active entities and their reasoning cycle is expressed by two control threads, one to receive the events notified to the agent in the agent environment (called perception_cycle/1) and one to produce actions in the agent environment (called action_cycle/1). The two cycles described above, utilize then the Treatment Adjustment Deductive Rules module to produce alerts for the medical doctors in charge of the patients. The choose/2 predicate is specified below: priority(Act, P, T), not (member(ActX, ActList), not ActX = Act, priority(ActX, PX,T), PX > P).
select(submit_alert(AlertType,Period),T)← holds_at(alert(AlertType,Period)=true,T).
priority(submit_alert(serious_hypoglycaemia,_),P,T)← holds_at(serious_hypoglycaemia=priority(P),T).
priority(submit_alert(hypoglycaemia,_),P,T)← holds_at(hypoglycaemia=priority(P),T).
Such a predicate finds all the possible actions that can be executed by the agent and then performs the one with the highest priority. The specification of the priority/3 predicate is shown above for two different alerts associated with hypoglycaemia.
In particular, within our logic based agents, we defined domain initiates_at/2 rules to deal with the evolution of the glucose of the patients during the week. The initiates_at/2 rules above specify when the glucose of the patient is considered high. The predicate period_of_day/2 returns the period of the day when the glucose result is produced. initiates_at(alert(serious_hypoglycaemia)=true,T)← one_hour_time(T hour ),
The initiates_at/2 above specifies that hypoglycaemia alerts are triggered in two cases. In the first case, the woman is experiencing recurrent episodes of hypoglycaemia in the same period of the day and then the alert is triggered. The second alert is triggered when the patient has twice a hypoglycaemia within one hour of time, which is considered as a serious hypoglycaemia that needs immediate consideration from the doctors.
Similarly, we define rules to handle hyperglycaemia. Considering the medical guidelines followed by our medical partners, we modeled the following EC rules for postprandial hyperglycaemia events. (P = after_breakfast; P=after_lunch; P=after_dinner) V1 ≥8, count((happens_at(glucose(V2,P),T2), T2 > Time4days, T2 < T, V2 ≥8),C), C> 2.
initiates_at(alert(postprandial_hyperglycaemia)=active,T)← happens_at(glucose(V1,P),T), last_week(Time7days,T), (P = after_breakfast; P=after_lunch; P=after_dinner) V1 ≥7, count((happens_at(glucose(V2,P),T2), T2 > Time7days, T2 < T,V2 ≥7),C) C > 3.
Where with count/2 we specify the amount of times the condition taken in consideration holds. The first rule states that if a patient had hyperglycaemia during postprandial periods for twice in the last four days with a value of glucose above 8 mmol/l, or three times in the last week with a value above 7 mmol/l, then an alert of hyperglycaemia shall be fired so that the doctor can check the diet and treatment of the GDM patient.
initiates_at(alert(hyperglycaemia_fasting)=active,T))← happens_at(glucose(V1,P),T), last_week(Time7days,T), P = before_breakfast, V1 >= 5.3, count((happens_at(glucose(V2,P),Tp), T > Time7days, Tp< T,V2>=5.3),C), C> 3.
initiates_at(alert(hyperglycaemia_fasting)=active,T))← happens_at(glucose(V1,P),T), last_four_days(Time4days,Tcall),
Furthermore, in gestational diabetes it is of particular interest to control the hyperglycaemia before breakfast in order to decide whether or not the patient should take a long lasting insulin at night before going to sleep. The two rules above trigger an alert in the case the patient is repeatedly having glucose values above 5.3 mmol/l or 5.8 mmol/l at fasting.
Doctor's Web Interface
Medical caretakers interact with the system using a web based application to consult the events produced by the mobile phones or the alerts produced by the agents.
After login the user has access to the start page as shown on the top of Fig. 5 . From this page the caregiver can have access to the patient's page by clicking on a patient's name, as shown on the bottom of Fig.  5 . The patient's page shows alerts for patients associated with the caretaker. These alerts are sorted by date, showing the most recent alerts first. The patient's page is used to view, modify and visualize all patient information in terms of: the patient's name, week of pregnancy, date of birth and age, which caretakers are associated with the patient, alerts, the current weight, contact information (telephone and email) and the current treatment. The content pages accessible from the patient's page are: general patient information, alerts for the patient, consultations with the patient, physiological values of the patient, a graphical representation of the patient's physiological values in the form of graphs, a higher level graphical representation of the patient's blood sugar values in the form of pie charts and the treatments of the patient.
The general patient information content page is used to show patient contact information, factors which influence gestational diabetes and demographic information. Factors which influence the course of a patient's GDM such as the current diet or any allergies as well as risk factors for conditions like preeclampsia are the second part of the general patient information content page. Lastly, demographic information are collected due to suspected relations with GDM. The patient's alerts content page is shown in Fig.  6 . In order to evaluate an alert, the caretaker can see the physiological values which lead towards raising the alert.
The consultations content page visible in Fig. 7 allows tracking the contacts between caregivers and patients. Consultations can be done either in person or using a telephone. In addition to the moment, type, duration, reason for the consultation, an optional comment can be given.
Physiological values measured by the patient as well as any medicine taken are shown on the measurements content page (Fig. 7) in a tabular format. The values for blood sugar and medicine are presented for every day in relation to each meal and before going to bed, with associated comments if present.
Clicking on a day in the blood sugar and medicine table will open the detailed day view which can be seen on the bottom of Fig 7. This view shows each measurement introduced by the patient in the phone in relation to a meal and medicine taken. Caretakers can comment on values.
Caretakers can correct or add patient's values by clicking on a measurement in the detailed day view. A caretaker can similarly modify or create entries for medicines taken by a patient.
The graph content page, as shown in Fig. 8 , allows caretakers to visualize a patient's physiological values.
The graph itself shows a user selectable period of one week, one month or three months for a patient starting on a user selectable starting date. The graph has background lines to show the borders between days and depending on the shown period also every 6 hours. Weekends are highlighted with a subtle grey background. For blood sugar the normal range of 4 to 7 mmol/l is highlighted with a subtle yellow background color to permit easily spotting values above or below the normal range. The displayed physiological values are drawn in different colors for breakfast, lunch, din- ner and measurements before going to bed. Measurements before or after a meal are furthermore shown using differing symbols: A cross symbol for values before a meal and a diamond symbol for values after a meal. While the graph representation has been designed in collaboration with caretakers to present a useful visualization of values for caretakers, it is more difficult to understand for patient and therefore less useful as a communication aid for a caretaker when talking to a patient. The pie charts content page visible in Figure 9 has been designed to help caretakers explain a patient their values in an easy way.
Patients' blood sugar values are classified as too low, normal and too high and then displayed in a pie chart: red slices represent values which are too high, yellow slices represent values which are too low and normal values are colored in green. Fig. 10 . Treatments Table. The last content page is the treatments content page as seen in Fig. 10 . This page allows caretakers to input the amount of medicine a patient should take at a certain time.
All treatments including their duration are shown in a tabular form below the table used for user input. Since only doctors are allowed to prescribe a medicine to a patient, nurses have to confirm that they spoke with a doctor before a value is saved. This allows to track who is ultimately responsible for a prescription.
Generally speaking, a doctor is only allowed to access patient data if a treating relationship exists between them. User's permissions are determined by their group membership and treatment relationships.
To authenticate the caregivers when accessing our system from the Web, we utilize user name, password and a certificate as the two authentication means. The certificate is stored on a smart card.
The interface specified for server side of the PHS was built following the requirements specified by our medical doctors. The data visualization Web interfaces have been kept simple on purpose. The medical doctors involved in the study wanted to be able to explain the results obtained to their patients during the consultations. As a consequence a simple representation of the values in terms of pie charts and point clouds was preferred. Another reason not to present elaborated graphs that would show trends, was not to bias the judgement of the caregivers during the treatment, as the collection of the glucose values was not done us-ing a Continuous Glucose Monitor and the pattern of glucose could vary significantly in between the sampling done using the standard glucometer provided to the patients.
In addition, the interface to present the glucose values to the patients was explicitly modelled following the same fashion of the notepad that the patients use in the standard treatment, in order to be able to better explain problems with the glucose control. A secondary reason for this modelling was also to simplify the acceptability of the system to the medical doctors that would not have to modify their way of interacting with the patients thanks to the similarity of the system with the standard material.
Feasibility Study Evaluation
The evaluation of our system has been performed by means of a feasibility study, taking the form of a single-center, parallel group, open randomized controlled trial conducted at Lausanne University Hospital. Screening for study inclusion was performed from February 2013 to June 2013 in all patients suffering from GDM and treated at the University Hospital of Lausanne. Inclusion criteria comprised the ability to speak French and diagnosis of GDM within >24th and <32nd gestational week. All patients had to provide written informed consent prior to study inclusion. Patients were assigned to 2 different groups: standard protocol group (SP) and telemedicine care group (TM). Follow-up was performed from the 2nd clinic visit to childbirth in every patient. SP patients were subjected to usual follow-up, which comprised regularly scheduled clinic visits and recording of glucose values in a notebook. TM patients were managed by our PHS system and regularly scheduled clinic visits. In this trial, the PHS system was integrated on a Samsung GT-S5570 Galaxy Smartphone. The targeted feasibility outcome was whole trial feasibility, functioning of the PHS and its appropriateness for patient use. The 2 groups were compared using univariate quantitative analysis. Additionally, qualitative analysis was performed for patients treated by telemedicine. The scope of this feasibility trial was to assess the feasibility and acceptability of our PHS in patients suffering from GDM. The trial was performed to determine optimal frame conditions for a subsequent main trial given the feasibility end point could be achieved. Furthermore, the derivation of parameters for the aforementioned main trial comparing our PHS to standard care such as recruitment-and follow-up rates, glucose control medical complications in mother and newborn, and health care costs, was another scope of this trial. Hypothesis testing and subsequent inference derived from the statistical analyses of the secondary end points is not an objective of the present trial. Table 2 shows the demographics of the patients in the two arms of the trial.
Glucose Control Results
There were a mean of 185±96 recorded glucose values per patient (Table 2a) . Patients in the TM group recorded significantly more glucose values (235 ± 86) than patients in the SP group (135±80). Table 3 88) . Insulin was prescribed to 7 (29%) patients totally. Two patients (8%) in each group received basal insulin. Bolus insulin was prescribed to 3 (13%) patients overall, 2 of whom belonged to the TM and 1 to the SP group. Furthermore, 2 (8%) patients in the SP group were prescribed Metformin.
Alerts Results
Alerts pertain only to patients treated by telemedicine care. For hyperglycaemia, alerts were issued 19±12 times per patient. Hyperglycaemic episodes and issued alerts showed a strong, positive and significant correlation between (r=0.86, R2=0.74, p<0.001) (Fig. 11) . Hypoglycaemia alerts occurred only 7 times and were issued in 3 patients. 
Family history Dyslipidemia, n(%) 4 (17) 2 (17) 2 (17) 
Qualitative Analysis
To perform a qualitative data analysis, we provided questionnaires to patients and doctors to assess their experience with the system. For patients the questionnaires focused on assessing the acceptance and perception of the technology from the perspective of the patients. Similarly, for the medical doctors the questionnaire assessed their perception of the technology from the perspective or reduction or increase of workload. Finally, we also run a focus group to assess the opinions, beliefs and attitudes of the healthcare providers concerning the telemedicine technology.
In the telemedicine protocol, eleven out of 12 questionnaires were returned. The patient who did not provide the questionnaire suffered from a recurrent depressive disorder she had not declared prior to study inclusion and would not respond to our contact attempts. All patients were at least satisfied with the care provided. 73% of patients were very satisfied. The data entry and the usage of the smartphone was rated by all patients (100%, n=11) as easy (64% as very easy). The latter equally indicated to have received sufficient information regarding the use of the smartphone (100%, n=11). The telemedicine technology conferred an additional impression of safety to 91% of patients.
Telemedicine technology was considered by the four caregivers involved as appropriate for the management of patients suffering from GDM, but they did not feel it implied less consultations with the patient. On the positive side, the medical staff involved is of the opinion that two factors were promising: one was the improvement of the quality of the treatment given by the possibility of consulting the patient's values day by day, and secondly the time saved by the fact that alerts would allow the doctors to focus on hyperglycaemic or hypoglycaemic events, rather than having to go through two weeks of data written on a notebook. Another positive aspect that was pointed out by the caregivers concerns the reaction time: thanks to the reporting of the GDM monitoring system, the telemedicine protocol reaction time to change the medicament of a patient that has a poor glycaemic control was one to three days against the one to three weeks (depending on the rate of consultation) required for the standard protocol, which is also confirmed by the better glycaemic control achieved by the telemedicine group as compared to the standard group.
Related Work
The problem of monitoring patients affected by gestational diabetes using telemedicine technology has been previously studied [15, 26] , showing positive results from the perspective of the satisfaction of the patients and the outcome of the pregnancy. In general terms, thanks to the advancements of telecommunication technology, we can find a proliferation of telemedicine systems aimed at monitoring diabetes, a recent comprehensive review can be found in [16] . Such a study identifies motivation for selfmanagement, long term adherence, costs, adoption, satisfaction and outcomes as the dimensions to evaluate a PHS. On one hand, with respect to these dimensions we could not evaluate our system from the perspective of costs and clinical outcomes, except for glucose control, as our study implied focused on feasibility of the technology with only 12 patients. On the other hand, the motivations for self-management in GDM are very clear as it is very uncomfortable for pregnant women to visit doctors every week, the adherence happened to be significantly better than with the standard care, there was no dropout rate from the perspective of adoption and the patients and doctors were generally satisfied with the technology, and the system demonstrated an improvement from the perspective of glucose control. With respect to what is suggested by the state-of-the-art on the subject of evaluating telemedicine technology, it is clear that we need to run a bigger trial with considerably more patients to be able to evaluate costs and clinical outcomes.
Furthermore, as reported by the authors of [16] , only 9% of the studies considered in their review focus on decision support techniques as we do in our contribution and of this 9% none focuses on GDM, and only one focuses on telemedicine applied to GDM. From this perspective, we believe that our agent based PHS to monitor GDM represents and advancement to the state-of-the-art, as it covers an important gap in the area of diabetes monitoring.
A related and parallel work on which the authors are also involved is COMMODITY12 [21] . COM-MODITY12, like the system presented in this paper, is also making use of event calculus and GOLEM. The main contributions of this paper with respect fo COMMODITY12 are: a) We performed a trial on real patients, whereas COMMODITY12 is still in prototypical stage; b) We model the knowledge to handle glucose control in GDM, which is not considered in COMMODITY12; c) We model the mobile user interface; d) We provide web interface modelled on the needs of the medical doctors; e) We evaluate the experience of the users; f) The presented system also evaluates the experience of the medical doctors. With respect to the presented system, COMMODITY12 is more advanced from the perspective of interoperability. Interoperability using HL7 is an important problem, but within this contribution we preferred to focus on the acceptability of the technology from the perspective of the patients. In future extensions of the GDM system presented, we will approach the problem of interoperability at the level of the smarthub, but this was out of the scope for the current contribution.
Amongst those PHS offering decision support, our system presents similarities with the works presented in [31] , [25] , [4] and [5] . In [31] , Quinn et al. present WellDoc, a mobile phone based system to provide patients with real time feedback on their glucose levels. WellDoc shows an improvement on the glucose control of the patients as compared to standard care. With respect to WellDoc, our system focuses mainly on providing decision support to the doctors rather than to the patient, although, the interface of our GDM system provides graphs as an immediate feedback to the patients. It was decided in collaboration with medical doctors to limit direct feedback to the patient to avoid to create anxiousness as this may have negative effects on the treatment. The work of Lim et al. in [25] is very close to ours as they use a rule engine to deal with the alerts in the system. Similarly to [31] , the system presented in [25] provides advice directly to the patient, whereas we prefer to provide decision support to the caregivers who then are in charge of modifying the treatment of the patient.
Another important approach towards diabetes management is represented by Diabeo [13] : Diabeo implements a bolus calculator to provide advice to dia-betic type 1 patients. Diabeo is orthogonal to our work as we do not consider the effects of bolus intake. It could represent a future direction to combine Diabeo and the calculation of energy expenditure to provide decision support on the amount of medicament the patient should take.
The work of Cafazzo et al. [12] presents an interesting approach towards monitoring of diabetes type 1 in young patients. In such a contribution, the focus was on monitoring the glucose control and the collection of glucose values by means of gamification patterns, showing an improvement in the overall treatment management of the patients. With respect to the contribution in [12] , our system does not propose gamification patterns as we preferred to keep an approach that was as less invasive in the privacy of the patient as possible. With respect to the contribution of Cafazzo et al. the main novelty of our system is to consider alerts in terms of temporal patterns of the physiological values.
Almost in parallel with the submission of this contribution, Garcia-Saez et al. presented a system similar to ours in [17] . Such a system modelled computer interpretable guidelines to monitor the health status of the patients, her compliance and to inform her about relevant events. With respect to the work of GarciaSaez et al., our main contribution is the enactment of medical knowledge by means of logic programming and agents, which makes our approach flexible as we have a separation between infrastructure and knowledge management problems. Furthermore, the use of the EC formalism, allows us to model the evolution in time of the patient health, which allows us to represent alerts in terms of a repetition of events.
Considering related works from the broader perspective of pervasive health systems to monitor chronic illnesses, an extensive review on the subject can be found in [27] . Given the classification of system flexibility proposed in [27] , our system is a multi-function system where we offer the following services: alerting, support activities, information and documentation, analytical and diagnostic support. From the complexity of use perspective, since for the moment we do not consider the use of sensors, we have a single component system. From this review, the works [1, 35] are the most related to ours.
The work of Tentori et al. [37] has aspects similar to our model, but the focus of their PHS is rather on applying machine learning techniques, such as Hidden Markov Models (HMM) for activity recognition. Our choice of formalizing medical guidelines rather than using machine learning techniques has been dictated by the needs of our medical doctors: the main issue when dealing with automatic alerts is to be able to interpret the results. As it has been widely discussed, machine learning is more precise than rules when dealing with classification problems, the main issue though is that it is the interpretability of the classification model, consequently the final user loses trust in the application as if a mistake occurs, there is not an easy way to explain it, while with a formal approach, the rule is still readable by an expert. Furthermore, the medical doctor has more trust on the rule due to the fact that this is formalized directly from his experience. In the case of the GDM experts we deployed, the application of temporal rules is also possible because we are dealing with discrete and sparse signals such as the glucose values observed during the day and the week. In the case the signal becomes more dense, the introduction of machine learning models as those deployed by Tentori et al., in addition to the already deployed rules, would certainly be necessary.
In [1] the AMON project is presented. In AMON, patients affected by heart issues are monitored using a mobile solution. In AMON the monitoring is performed with an un-obtrusive device integrating several sensors in one solution. AMON is clearly more advanced than our system for what it concerns the monitoring of multi-parametric physiological values, but it does not propose a formalization of guidelines for decision support as we do. In this sense, the next step for us it to employ a solution similar to AMON to extend the application of guidelines to a multi-parametric solution.
In [35] a rule based solution is applied to data coming from automatic-defibrillators in home care settings. As for our case, the solution demonstrated users' satisfaction for the automatic interpretation of data and the ease of use. Similarly to our results, the survey presented a high acceptability amongst the patients and the doctors. By comparing with [35] , the use of a rule based approach to telemonitoring of patients seems to be quite convenient thanks to the understandability of the rules.
Conclusion and Future Work
In this paper we presented a PHS to monitor patients affected by gestational diabetes. We presented the system functionality, the constraints that we took into consideration when developing the application and the agent cognitive model we developed for monitoring patient's physiological values. This paper also present the results of a feasibility study that we have run on 12 patients affected by GDM in the University Hospital of Lausanne. The study shows that the system is successful in improving glycaemic control in the patients and that the system allows the patients to feel more confident in their pregnancy. We also presented a qualitative analysis concerning the satisfaction of the patients and caregivers involved in the study, showing positive results.
As a matter of future work we plan to develop datadriven algorithms on the data collected with our PHS, following an approach similar to the one proposed in [3] , for the prediction of hypoglycaemia and hyperglycaemia events, to improve the glucose control in our patients.
The implementation of interoperability standards within the GDM system is going to be important future work to ensure the further acceptability of the technology within caregivers environment, similarly to the work we performed in [21] .
Similarly, we plan to use the collected data to define treatment adjustment rules for the doctors, to provide further decision support in the treatment of the patients affected by GDM.
Another possible direction concerns the inclusion of further rules to deal with onset of preeclampsia and macrosomia in those patients whose glucose control is poor. In this sense, a natural further step for our system would be to consider continuous glucose sensors to analyze patterns in the patient's behavior and thus provide prediction facilities to the caregivers.
The graphs and charts provided in this study were of simple nature, we think that more elaborated charts and a representation of the data that puts physiological patterns in relation may allow the medical doctors to have a better understanding of the health of the patient, thus improving their ability to effectively modify the treatment plan. Similarly, in the current presentation of the alerts, we only highlight patterns getting out of the normal threshold. We think that an interesting development could be to highlight the repetition of alarming patterns so that the medical doctors and the patients are notified of these cyclical events in order to tackle the reason behind these patterns.
Finally, we also envisage to extend the sensor base and use further non invasive sensors for the monitoring of other physiological values of the patients, such as blood pressure and weight.
